ABSTRACT The significant development and increasing deployment of renewable generation in the modern power system introduces the challenge for dealing with uncertainty. In this paper, data-adaptive robust optimization is applied to the transmission network planning. By taking historical data correlation into account, the proposed model can achieve a lower expansion investment without sacrificing the robustness. Demand response is embedded in this model to relieve the overflow incurred by renewable generation fluctuation and N − 1 contingency. The model is decomposed into a master problem and several slave problems by column and constraint generation algorithm and then solved iteratively. The numerical simulation tested on Garver 6-bus system and the IEEE 118-bus system demonstrates the effect of demand response in reducing or postponing network construction. The proposed data-adaptive robust optimization is proved to be costeffective and computationally efficient.
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mn(k) ij
Power flow along the kth circuit in transmission corridor (i, j) for the normal and post-contingency state P ij /P mn ij Power flow along transmission corridor (i, j) for the normal and post-contingency state
I. INTRODUCTION
Transmission network expansion planning (TNEP) aims to serve the forecasted demand sufficiently and reliably with minimal investment on the electrical installation during a given planning horizon.
Demand response (DR) has been rapidly developing in recent years as a kind of flexible resource coping with various problems in the power system. A number of DR programs have been implemented worldwide [1] - [3] , including some pilot projects and DR potential investigation in China [4] , [5] . DR has been employed in both operation [6] - [9] and planning [10] - [13] problems in the power system. For the application in the planning stage, reference [10] utilizes incentive-based demand response as a non-network solution to replace traditional planning method, DR providers will acquire compensation for their contribution to peak load reduction. A multi-objective TNEP model considering customers benefit function and demand price elasticity is proposed in [11] . Reference [12] demonstrates the capacity saving brought by DR in both generation and transmission expansion planning. The effect of DR in economics and locations of transmission investment is investigated in a hybrid AC/DC model in [13] . Both renewable energy generation and DR are taken into account in papers [10] - [13] . However, the capability of DR to handle the power flow violation caused by renewable generation fluctuation is not fully examined. Moreover, the DR benefit in enhancing power system reliability is neglected in these TNEP researches.
On the other hand, with the rapidly increasing deployment of the renewables, various uncertainties are inherently incorporated with TNEP, such as daily fluctuation in load and renewable generation, and occasional policy update [14] - [18] . Plenty of reported attempts have coped with the uncertainties in TNEP, most of which can be generally categorized into stochastic programming or robust optimization.
Stochastic programming characterizes the uncertainties with sampled scenarios from a predefined probability distribution or uncertainty set. However, it is not easy to acquire an accurate distribution of uncertain parameters in practice. Moreover, the solutions obtained by stochastic programming cannot fully satisfy constraints, hence the security cannot be guaranteed.
By contrast, robust optimization calculates with boundary values of uncertainty set to guarantee the system security under all the scenarios in the uncertainty set, so the optimized planning schemes are adaptive to all the situations. The application of robust optimization in TNEP draws broad interests, e.g. [19] - [23] . Reference [19] adopts Benders decomposition (BD) to tackle the uncertainties. The min-max cost and the min-max regret are two kinds of models for robust TNEP problem, their performance is compared for different characteristics of uncertainties in [21] . Reference [20] introduces a tractable adaptive min-max-min cost model to find a robust expansion plan for new lines and storage. In [22] , a stochastic adaptive robust optimization is formulated under the centralized planning framework, the investment is optimized in the most suitable generating units among profitoriented investors. Reference [23] addresses the problem size limitation and computational intractability in dynamic robust TNEP for realistic simulation.
There is still some deficiency remaining in robust optimization for TNEP, one problem lies in the insufficient use of the historical data to characterize the uncertainties. The solution based on the imprecise description of uncertainty like a cubic set is usually over-conservative, because the presence of a worst case in the real world is pretty rare. Some literatures deal with this issue by introducing the ''budget of uncertainty'' to quantify the degree of conservativeness [24] - [26] . Other researches focus on the combination of stochastic programming and robust optimization [27] - [29] . However, information extraction from historical scenarios is commonly neglected in these approaches.
The conception of data-adaptive robust optimization (DARO) (or distributionally robust [30] ) is proposed to fundamentally overcome the over-conservatism. The correlation between historical data is taken into account in this kind of method. Unlike the traditional robust optimization which describes the realization of the uncertain parameters with an interval or polyhedral uncertainty set, DARO shrinks the realization region by utilizing the historical data correlation, and thus reduces the conservativeness [31] . Theories like minimum volume enclosing ellipsoid (MVEE) algorithm [32] and correlation analysis method [33] further demonstrate the effectiveness of DARO. DARO has been applied to tackle with some operation optimization problem in power system [34] - [36] . Reference [30] co-optimizes renewable generation and load reserve with a chance constrained optimal power flow model and solves it with a distributionally robust approach. In [34] , a two-stage distributionally robust optimization model is proposed, and the statistical characteristic is considered in a data-driven manner. In [35] , a risk-averse stochastic unit commitment problem is solved with a confidence set for the uncertain parameters distributions using statistical inference. Reference [36] applies the data-adaptive robust optimization to the economic dispatch of active distribution networks. Although the effect of DARO is investigated in reducing the operation cost for a power system with uncertain resources, the number of literature incorporating DARO with the TNEP problem is quite limited.
This paper proposes a DAR-TNEP model considering wind power uncertainty and N − 1 contingency, the contribution can be listed as follows:
1. The uncertainty is tackled with DARO to obtain a less conservative solution and lower planning cost compared to traditional robust optimization. Only a few VOLUME 7, 2019 scenarios are required to make the decision while the robustness is maintained. 2. The role of DR in this model is to alleviate the overflow incurred by wind power fluctuation and N − 1 contingency. It can be validated that both DARO and DR help to reduce or postpone the transmission network investment. 3. The model is decomposed with column and constraint generation (C&CG) technique into a master problem and several slave problems. The master problem minimizes the planning investment and slave problems check the post-contingency power flow. To illustrate the effectiveness of the proposed model, the numerical experiment is conducted on Garver 6-bus system and IEEE 118-bus system.
The remainder of this paper is organized as follows: Section II gives the detailed formulation for the deterministic TNEP problem and uncertainty model with DARO. In Section III, the algorithm structure and solution process of C&CG are described. Simulation results are shown and analyzed in Section IV. Finally, Section V concludes the paper.
II. PROBLEM FORMULATION
In this section, a deterministic TNEP model is proposed. The related transmission network parameters are listed as follows: for branch data, n min ij /n max ij represents the numbers of existing/ maximum circuit between buses i and j, P (k)max ij denotes the capacity of the kth circuit in transmission corridor ij, the cost for one circuit installation in transmission corridor ij is set to c (k) ij ; for bus data, P max Gi /P min Gi represents the maximum/ minimum output of the thermal unit at bus i, the ramping rate and duration of the thermal units are set to v and T, respectively the load/wind power output at bus i, θ max i /θ min i limits the upper/lower boundary of phase angle at bus i. The variables in the TNEP model are illustrated as follows: the binary variable α (k) ij determines whether the kth circuit in corridor ij will be installed. If the circuit is installed, α (k) ij takes 1, or 0 otherwise. To distinguish the variables in the normal state and post-contingency state, the superscript mn marks the latter.
is defined as the power flow of the kth circuit in transmission corridor ij for the normal/post-contingency state, the total power flow on the corridor for normal/postcontingency state is denoted as P ij /P mn ij , P Gi /P mn Gi and θ i /θ mn i refer to the thermal unit output and phase angle at bus i for the normal/post-contingency state. Price-based demand response (PBDR) and incentive-based demand response (IBDR) are two main types of DR mechanism. Compared to PBDR, IBDR is more schedulable and with faster response. In this paper, IBDR, to be more precise, direct load control is investigated. The model does not optimize demand response cost directly but evaluates the effect of demand response in line investment reduction by the sensitivity analysis of DR ratio, and reasonable demand response cost will be suggested based on the evaluation. Therefore, demand response cost is not included in the objective function which minimizes the line investment, as shown in equation (1):
The constraints under the normal state can be formulated as follows:
Constraints (2)- (3) enforce the values of binary variable α (k) ij for the candidate/existing circuits. Constraint (4) limits the sequential installation of circuits in each transmission corridor. Constraint (5) restricts the maximum and minimum circuits in corridor ij. Constraint (6) reflects the power balance at each bus. Constraint (7) shows the addition of power flow on all the circuits in each corridor. Constraint (8) enforces the relationship between circuit power flow and phase angles at the ends of circuits. Constraints (9)- (11) restrict the upper and lower limits for the circuit power flow/generator output/phase angle.
Constraint (12) enforces the value of α (k) ij for the K th (K = n min ij ) circuit in corridor ij to be 0 after it's removed for contingency. The values of α (k) ij for other existing circuits remain 1, as shown in constraint (13) . Constraint (14) is the post-contingency power balance constraint considering demand response. Constraints (15)- (16) show the postcontingency total corridor power flow formulation and power flow-phase angle relation, respectively. Constraints (17)- (19) enforce the upper and lower limits for post-contingency circuit power flow/generator output/phase angle. Constraint (20) indicates the load shedding in the post-contingency case. The DR ratio k Di determines the maximum load that can respond to N −1 contingency and wind power output fluctuation. Different k Di can be set for different load buses. Constraint (21) indicates the generator output re-dispatch after N − 1 contingency. It's noteworthy that constraints (6)- (8) and constraints (14)-(16) formulate the power flow constraints without the sensitivity matrix between power injection at buses and power flow on circuits, the disjunctive manner enables the TNEP model to be linear [16] .
B. PROBLEM REFORMATION
The proposed TNEP model can be formulated in the general compact form as follow:
where p w is the stochastic wind power output; x is corresponding to the binary variable α (k) ij to determine whether the candidate transmission line to be installed or not; y b and y c refer to the operation-related, continuous variables (e.g. generator output and power flow) in the normal state and N − 1 contingency, respectively. c (x) is the objective of line investment which is only decided by x. The constraints f 1 (x) = 0/f 2 (x) ≥ 0 include problem (2)- (5) and (12)- (13). (14)- (21) . Therefore, the proposed model is a stochastic mixed integer linear programming (MILP) model.
To tackle the uncertainty of renewable energy generation, DARO is adopted here, using the improved two-stage robust optimization (TRO). The first stage determines the values of integer variables, while the second stage solves the remaining linear problem with the certain values of integer variables. In the second stage, extreme scenarios are used to verify the effectiveness of the solution in multiple situations. These extreme scenarios are selected using MVEE and correlation analysis method. With this means, the number of extreme scenarios is considerably reduced. Hence, the computational burden can be relieved, meanwhile the system security can be guaranteed [19] .
For the extreme scenarios of n wind farms, if n set of y b and y c that individually adapt to each wind power output scenario are available for the planning scheme x, then x accommodates all the wind power output scenarios. Optimization (22) can be transformed into (23) andp we,i denotes the ith extreme scenario of wind power output:
Therefore, a planning scheme satisfying the extreme scenarios of wind power output can adapt to all the wind power output scenarios. The robustness of power system is guaranteed. The proposed model is reformed into a DAR-TNEP model.
III. SOLUTION TECHNIQUE
The data-adaptive extreme scenario method can markedly relieve the computational burden by limiting the wind power output scenarios. However, N − 1 contingency is another challenge for reducing the solving time, especially when the model is applied to a large-scale system. A column-constraint generation (C&CG) method is applied to solve the MILP problem and enhance computational performance.
A. COLUMN-AND-CONSTRATINT GENERATION (C&CG)
The C&CG method decomposes the primal problem into a master problem and several sub-problems.
1) MASTER PROBLEM: INVESTMENT OPTIMIZATION
The master problem is a TNEP problem that decides the planning scheme by solving problem (24) with the worst VOLUME 7, 2019 scenariop we,s identified in sub-problems.
2) SUB-PROBLEMS: OVERFLOW CHECK FOR EVERY EXTREME SCENARIO
The planning scheme derived in the master problem is denoted by α (k) * ij (namely every circuit in transmission corridor ij is determined). The sub-problems will be solved with α (k) * ij to check whether any overflow will occur due to extreme wind power output or N − 1 contingency. If any overflow occurs in sub-problems, the worst scenario corresponding to the maximal overflow will be found. A set of constraints for the worst scenario are generated and added to the master problem. Then the master problem is solved in the next iteration and update the planning scheme α (k) * ij . With the variable α (k) ij fixed to α (k) * ij , the sub-problems become line programming (LP) problems. Every subproblem is solved for a specific extreme scenario, so the number of sub-problem N e equals to the number of extreme scenarios. Both the base case constraints (6)- (11) and the post-contingency case constraints (12)- (21) are included in a sub-problem where P Ri and α (k) ij are substituted byp we,i and α (k) * ij . To ensure the feasibility for sub-problems, non-negative slack variables s (25)- (28) .
The sub-problems can be formulated by (29) :
The values of F mas and F sub are the low bound (LB) and upper bound (UB) of the objective function in the primal problem, respectively. LB gets higher and UB gets lower with the iterations. When UB = LB, the iteration is terminated and the optimal planning scheme is generated.
B. SUMMARY OF THE SOLUTION PROCEDURE
The procedure of the solution method is as follows:
Step 1): Input system parameters and wind power profiles;
Step 2): Generate data-adaptive extreme scenarios.
Step 3): Set LB = −∞, UB = +∞;
Step 4): Solve the sub-problems with the original transmission network for the first iteration or α (k) * ij for the next iterations, identify the worst scenario and generate appropriate constraints, update UB;
Step 5): Solve the master problem with constraints for the worst scenario generated in Step 4, update α (k) * ij and LB;
Step 6): If |UB − LB| ≤ ε, terminate the iteration and list the optimal planning scheme, otherwise repeat Step 4 to 5.
IV. NUMERICAL RESULTS
The Garver 6-bus system and IEEE 118-bus system are simulated in this section to validate the effectiveness of the proposed method. The experiment is performed on a personal computer with Intel Core TM i5-6200U CPU (2.3GHz) and 8GB of memory, using Matlab 2014b and Gurobi 7.0.2 as the solver. A. GARVER 6-BUS SYSTEM Fig.1 shows the topology of the Garver 6-bus system that consists of 3 thermal units with 2340 MW installed, five load buses of 1440 MW and 9 transmission lines. The generator ramp rate is assumed as 1% of the maximum output. The emergency re-dispatch time after N − 1 contingency is set to 10min. Two wind farms are installed at Bus 2 and Bus 3, respectively. The extreme scenarios generated by TR-TNEP or DAR-TNEP are shown in TABLE 9 and in TABLE 10 in the Appendix.
The transmission line installation cost (LIC) takes the practical experiences from Chinese TSO as reference. The investment in DR aspect is considered as two parts of facility investment (DFC, 30.65 k$/MW) and incentive pay for circuit fault (DIC, 3.065 k$/MW once). The former is proportional to the available maximum demand response, while the latter relates to the actual maximum load curtailment in all the N −1 contingencies considered. DR ratios at all the load buses are set identically.
1) THE INFLUENCE OF DR RATIO ON THE TOTAL COST
In this section, the effects of DR to reduce the total investment of TNEP will be investigated. The uncertainty of wind power is only characterized by TR-TNEP. The cost for different DR ratios is shown in TABLE 1, where maximal DR response refers to the sum of overflow occurs in all the contingency.
It is indicated by the results of 0, 2%, 8% and 10% DR ratios that DR acts as an alternative for transmission line expansion to achieve a lower total cost. However, the DR ratios of 4% and 6% make no difference in line investment, which results in a higher total cost for a larger DR ratio due to more DR investment. The inherent reason lies in that the decision variables for circuits are not continuous, but discrete. An identical planning scheme can be obtained for similar DR ratios. Therefore, to reduce line investment and total cost in an effective way, a proper DR ratio should be chosen carefully based on the feature of the considered power system.
To further investigate the issue, all the extreme scenarios are examined individually for different DR ratios, the detailed line investment is listed in TABLE 2, where ES is the short for extreme scenario For the results considering the DR ratios less than 6%, the line investment in the uncertain case is almost determined by ES1 (when both of the two wind farms give the minimum output). Additionally, the uncertain case provides costlier planning schemes than any single extreme scenario when the DR ratio is 6%. The line investment in the uncertain case is a comprehension decision rather than just a copy of that in a single scenario. Therefore, planning schemes achieved by any one extreme scenario may not satisfy the demand for wind power uncertainty, i.e., it's necessary to consider wind power uncertainty.
2) THE INFLUENCE OF DR DISTRIBUTION
In practical situations, electricity consumers are usually categorized into several priority levels when they are engaged in the DR programs, according to they are industrial loads or commercial users. Therefore, different DR ratios may be set for loads with different importance. A lower total cost of TNEP can be achieved by assigning the DR resource properly. Here we divide the whole load in the six-bus system into two parts evenly (P D1 , P D2 , P D3 and P D4 , P D5 , P D6 ) and only one part takes part in DR program. The results shown in TABLE 3 indicates an evident reduction in line investment when DR ratios take 20%. In this case, if DR programs are performed on Bus 4-6, the wind power at Bus 2 and Bus 3 will be consumed by the more local load, which saves some costlier circuits to transform the resource. 
3) COMPARISON BETWEEN TR-TNEP AND DAR-TNEP
The cost with the application of DAR-TNEP is given in TABLE 4.
Compared with the TR-TNEP results in TABLE 1, the proposed DAR-TNEP method can offer a more economical investment for all the DR ratios considered. However, whether the DR program would effectively reduce the total cost also depends on a reasonable DR ratio. 
4) COST-EFFECTIVENESS ANALYSIS FOR DR PROGRAM
To analysis the benefits from DR programs quantitatively, the line investment saved by unit DR is introduced and denoted by COST k DR when the DR ratio is k. The index is defined as (36) :
where COST k line is the line investment when the DR ratio is k and k * sum (P Di ) represents the maximal available DR resource. The index is calculated with the statistics in TABLE 1 and TABLE 4 , the result is shown in TABLE 5 .
Compared to the current DR cost of 0.034 * 10 6 $/MW in China, the profit gained by DR is much more considerable. As the line installation cost increases, the benefit of taking DR as an alternative will be more remarkable, considering the lower DR cost owing to the development of DR mechanism.
B. IEEE 118-BUS SYSTEM
For a modified IEEE 118-bus system, three wind farms are installed at Bus 10, Bus 71 and Bus 73 with the extreme output generated by TR-TNEP or DAR-TNEP (shown in  TABLE 11 or TABLE 12 in Appendix). The DR ratios are assumed as 0, 10% and 20%. The cost of TR-TNEP case or DAR-TNEP case is given in TABLE 6 or TABLE 7 , respectively.
It can be seen that the cost obtained by DAR-TNEP method almost has a 40% decrease compared to that of TR-TNEP.
C. VALIDATION OF THE PROPOSED DAR-TNEP
The superiority of DAR-TNEP in conservativeness and calculating efficiency compared with TR-TNEP is indicated in TABLE 8. The variable L i−j denotes the number of the newlyinstalled circuit between Bus i and Bus j.
Fewer line investment is needed to relieve all the overflow for DAR-TNEP, which means the decision made by TR-TNEP is over-conservative. In addition, the calculating process is markedly accelerated when applying DAR-TNEP.
V. CONCLUSION
In this paper, the data adaptive robust transmission network expansion planning incorporating post-contingency demand response is proposed. By utilizing the correlation observed from historical data, the proposed DAR-TNEP overcomes the disadvantage of traditional TNEP using robust optimization. The conservativeness of the decisions is reduced. The combination of scenario-generation approach and robust optimization enables the proposed model to achieve both simplicity and robustness. The demand response alleviates the contingency overflow in multiple scenarios, thereby DR reduces the need for expansion while the reliability of system operation is not compromised. Case studies indicate that despite not every penny invested in DR makes a reduction in expansion cost, the trade-off between DR and line investment can be optimized via the carefully chosen DR ratio.
APPENDIX
See Tables 9-12. 
